1 The spacecraft contained on-board sensors such as 3-axis accelerometers, 3-axis gyroscopes, and radar altimeter that guided the vehicle during EDL. Moreover, MSL was also carrying an innovative aeroshell-mounted instrumentation suite, named the MSL EDL Instrumentation (MEDLI),
2 that recorded pressure measurements on the surface of the aeroshell using a flush atmospheric data system (FADS) and took in-depth temperature measurements throughout the heatshield for a large time period of the entry phase. Together, this data set provides enough independent measurements to characterize the spacecraft's trajectory, atmosphere, and aerodynamic characteristics. If statistical estimation algorithms that incorporate information about the initial state uncertainties and measurement uncertainties are applied during the reconstruction process, one can also quantify the uncertainties of the estimated parameters.
Due to the disparate measurement types present in the MSL flight data set, a comprehensive methodology is needed to utilize all of the data types to estimate as many relevant parameters, while also characterizing the parameters' uncertainties. The authors have demonstrated such a methodology in the past on simulated MSL-type data sets 3 and recent flight data from Mars Pathfinder, 4 Mars Exploration Rovers, 5 and the Phoenix lander. 6 The paper provides a background about the MSL mission and the MEDLI instrumentation. Next, the data collected on-board and used in the reconstruction is presented followed by a discussion on the reconstruction methodology itself, including the equations of motion, measurement equations, and the algorithm for the statistical estimators. Finally, the results of the trajectory and atmosphere reconstruction are presented and discussed. Extended Kalman filter (EKF), Unscented Kalman filter (UKF), and Adaptive filter are the three statistical estimation methods used for MSL reconstruction.
II. Mars Science Laboratory
MSL used a 4.5 m diameter, 70-deg. sphere-cone aeroshell that reached the limit of current launch vehicle fairing diameters. 1 The vehicle also utilized the largest Disk-gap Band (DGB) supersonic parachute ever used for a planetary mission, 7 which reached the limit of available test data for such parachutes. 8 The landed mass for MSL was around 900 kg, which was 5 times the landed mass of the previous largest rovers landed on Mars. Additionally, the EDL system was designed to land MSL within a 25 km × 20 km ellipse, a much smaller landing footprint than any previous Mars entry spacecraft. 9 To accomplish so many unique and challenging firsts, MSL utilized a hypersonic guidance scheme and used an innovative Sky Crane landing system to drop-off the rover softly on the Martian surface. These innovative aspects of MSL's operations can be observed in the concept of operations shown in Fig. 1 . Another first for MSL was the preponderance of sensor data collected during EDL starting with the MEDLI sensors. The MEDLI suite on-board MSL took in-situ measurements of the pressure and temperature distribution on the aeroshell. It consisted of two instruments: Mars Entry Atmospheric Data System (MEADS) -a set of FADS sensors -to take the pressure measurements and MEDLI Integrated Sensor Plug (MISP) to take the aerothermodynamic data within the width of the aeroshell.
2 Since only the MEADS data aids trajectory and atmosphere reconstruction, the processing of temperature data from the MISP sensors is not covered in this paper.
MEADS's science objective is to reconstruct the atmospheric properties within certain bounds when the dynamic pressure is greater than 850 Pa. Freestream dynamic pressure (q ∞ ) is to be estimated within ±2% and angle of attack (α) and sideslip angle (β) are to be reconstructed within ±0.5 deg.
11 Additionally, the MEADS transducers are expected to provide surface pressure measurements to reconstruct the overall pressure distribution on the aeroshell. In order to achieve all of these targets, MEADS collects pressure data from seven pressure transducers located around the forebody of the aeroshell (see Fig. 2 ).
The locations of the transducers are based on the predicted pressure distribution on the aeroshell. It is expected from the nominal trajectory that the stagnation pressure is to be around transducers P1 and P2, while P4, P6, and P7 serve as the transducers that will help reconstruct the sideslip angle. All of the transducers besides P6 and P7 are expected to help reconstruct the angle of attack history. 
B. Collected Data
The data collected on-board MSL consists of inertial measurement unit (IMU) observations (3-axis accelerometers and 3-axis gyroscopes), radar altimeter data, and the MEADS measurements. These data were used in the reconstruction process and are presented below. Entry interface (EI) was reported at a Spacecraft Clock Time (SCLK) of 397501714.953130 s and data were first collected at SCLK of 397501174.997338 s. 13, 14 The data presented below have been adjusted from SCLK to an epoch where entry interface is zero.
Inertial Measurement Unit Data
The raw data collected on-board MSL consisted of δV and δθ measurements that were converted into accelerations and angular rates using finite differencing. The nominal sampling rate of the data were 200 Hz. Although the vehicle contained two sets of IMUs, only data from IMU-A were used during EDL by the flight controller. The reference frame for the IMU was different from typical flight dynamics convention of the body frame. The IMU frame, also referred as the Descent Stage (DS) frame, had its positive z-direction outwards in the vehicle axial direction, while the x-direction is in the pitch plane. A negative 90 deg. rotation in the y-direction brought the DS frame to the flight dynamics conventional body frame.
13 Figure 3 shows the unfiltered accelerations and angular rates in the vehicle body frame. This data were used in its unfiltered form for the reconstruction. 
Terminal Descent Sensor -Radar Altimeter Data
The radar altimeter took measurements during the terminal descent stage of the trajectory. The sensor suite consisted of several radar altimeters which collected range and range rate information. This data were processed on-board the vehicle to calculate a slant range and slant velocity. For this analysis, the slant range information was used for the trajectory reconstruction. The unfiltered 20 Hz data and the down-sampled 1 Hz data are shown in Fig. 4 . Also shown is the slant range uncertainty calculated by the on-board flight software and this uncertainty was used as the measurement noise covariance in the analysis. 
Mars Entry Atmospheric Data System
MEADS started collecting data from cruise stage separation at a nominal sampling rate of 8 Hz. The data were converted to engineering units using pre-flight and cruise-stage calibration data and an in-flight zero applied to the data.
14 Data were collected until shortly before the parachute mortar fire; however, the optimal calibration of the MEADS data were only guaranteed when the dynamic pressure was greater than 850 Pa. For MSL, this range fell between 50 and 175 s after EI. Only data from this restricted region is used for the analysis, although the data shown below in Figs. 5 are for all times after EI. The data were found to be close to the expected values and very little discrepancy was noticed in the initial analysis. 
III. Reconstruction Methodology

A. Process Equations
Statistical estimation techniques similar to this methodology has been used recently for planetary entry vehicle flight reconstruction. 14, 15 However, most of these analyses have used the accelerometer measurements in the process equations to propagate the velocity vector. The process equations for these methods are thus similar to the equations used by deterministic reconstructions used in the past. On the other hand, the process equations in this paper use lift and drag coefficients estimated with the current state vector to propagate the velocity vector, thus precluding the need of accelerometer data to propagate the state vector. This also allows for the accelerometer observations to be treated as measurements by the estimation methodology. Since accelerations are a function of the sensed force on a body, which in turn depends on the freestream density and velocity, treating accelerometer data as measurements provides an additional source of measurements with which atmospheric parameters can be directly estimated in addition to FADS measurements.
The dynamical equations that serve as the process equations for all three estimators are summarized in Eqs. (1) and (10) . The state vector consists of vehicle's position, velocity, attitude, freestream pressure (p ∞ ), and freestream density (ρ ∞ ) -the latter two included to capture time-varying aerodynamic states. The attitude states are given in terms of a quaternion between the inertial (J2000) and body frame (q 0 , q 1 , q 2 , q 3 ) and another quaternion between the inertial (J2000) and the planet-centric, planet-fixed frame (e 0 , e 1 , e 2 , e 3 ). Knowledge of the two quaternions with respect to the inertial frame provides enough information to calculate the orientation between the vehicle-carried local horizontal frame and the body frame, 16 which is needed to predict the lift and drag coefficients. The aerodynamic parameters are found using look-up tables based on the work by Dyakonov et al. 17 F N and F T represent the normal (lift) and tangential (drag) forces in the body axis and bank angle (ν) is used for lift modulation.
B. Extended Kalman Filter
Extended Kalman filters have been extensively used in the past for Mars EDL reconstruction and the algorithm is summarized below in Eqs. (11)- (14).
18, 19
The state noise vector for EDL reconstruction comes from uncertainties in the process equations, such as aerodynamic and atmospheric uncertainties. The measurement covariance matrix (R) is defined at time k and information from sensor calibration is used in this matrix. The covariance of the state noise vector (Q) consists of noise variables in the process equations, such as the sensor uncertainty of the angular rate gyroscopes or tuning parameters for the velocity vector equations. Dutta et al. 3 discusses the values used for the state and measurement noise covariances.
C. Unscented Kalman Filter
Instead of using a linearized approximation to update the state and covariance matrix, the UKF is based on the idea that a transformation of a probability distribution can be approximated with multiple direct evaluations of an arbitrary nonlinear function. 20 UKF propagates a set of specially chosen state vectors called sigma points (x) to characterize the transformation of the state probability distribution which are defined in Eqs. (15)- (24), 20, 21 where n is the number of elements in the state space and λ u , α u , β u , and κ u are user defined tuning constants described in Refs. 20 and 22. The subscripts b and a differentiate the sigma points before and after the transformation.
A new set of sigma points need to be calculated for every transformation using the process equations or the measurement equations. For the transformation using the measurement equations, one starts with the nominal estimate of the statex, calculates the Kalman gain in a piece-wise fashion, and then arrives at the final sigma points that define the best estimate of the statex k . The predicted measurement for each sigma point (y (i) k ) and the estimate of the mean value for the predicted measurement (y k ) can be calculated using the sigma point transformations shown in Eqs. (15)- (24) . The predicted measurement covariance (P y ) and the cross covariance between the estimated state and measurement (P xy ) are used for the Kalman gain and state update steps shown in Eqs. (25)-(29).
20-22
Unlike the EKF, UKF does not require the calculation of Jacobians and other derivative terms that are often computationally difficult and are sources of numerical ill conditioning. Additionally, it should be noted that other derivative-free filters, such as the divided-difference filters, are essentially variants of the UKF with minor differences in the tuning parameters for selecting the sigma points.
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D. Adaptive Filter
The adaptive filtering equations are used in the framework of the Extended Kalman filter. Ref. 3 lists the algorithm for this well-known filter. The innovation of the covariance-matching adaptive filter technique is that unlike the EKF, the adaptive filtering equations can compute the necessary estimation statistics when one does not have a priori accurate knowledge of the measurement and process noise. The approach used in this paper is summarized in Eqs. (30)- (36) . 24, 25 w j =x j −x j j = 1,. . . ,N (30)
Since the exact process and measurement noise are unknown (together with the true states x and state covariances P ), empirically derived quantities serve as surrogates to estimate the process and measurement noise. The empirically derived quantities w and v are approximations of the actual state noise and measurement noise vectors. Using these quantities, one can estimate the process noise covariance (Q) and the measurement noise covariance (R) as shown in Eqs. (32) and (36) . Information from the last N state estimates are used to find w, while information from the last L measurement points are used to calculate v.
E. Optimal Smoothing
The reconstruction can start from atmospheric entry (forward pass) or a projected landing location (backwards pass). The forward pass starts its estimate from an initial state and covariance that is found independent of the trajectory reconstruction process and the reconstruction is conducted in a chronological manner. The backwards pass has the advantage of starting at a smaller uncertainty value as it begins from the end of the forward estimate.
Due the advantage of both types of reconstructions, the forward and backward pass estimates (denoted by the subscripts f and b respectively) are often combined using the Fraser-Potter smoothing solution 26 to create a best estimated solution. This smoothing solution is shown in Eqs. (37) and (38). It is advantageous to combine both the forward and backward estimates in finding an optimal estimate of the trajectory.
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The forward pass estimate at time k uses the measurement data from entry to k, while the backward pass estimate at k uses the measurement data from landing time to k. The combined smoothed estimate at time k will then use measurement data at all times to create the estimate at k and is similar to a batch least-squares solution.
IV. Results
MSL flight data are reconstructed using EKF, UKF, and Adaptive filter to provide various best estimates of the spacecraft's trajectory, vehicle aerodynamics, and Mars' atmosphere during EDL. In lieu of knowledge about the true states, all three reconstructions are equally plausible, so subjective comparisons between the reconstructions are made to ascertain estimation performance quality. Additionally, an independent, NASA-conducted reconstruction of the MSL data using the logic used on-board the flight software (FSW)
28 is provided where available for comparison with the three statistical estimations. The flight software reconstruction is largely a function of the IMU data.
A. Initial Conditions
The reconstruction was conducted for a time period starting at the entry interface and ending with touchdown. However, the data needed for the reconstruction were available at many different epochs. For example, IMU and MEADS data were available from cruise stage separation, while radar altimeter data became first available late into the descent phase. Moreover, the initial state estimate was available at three different epochs (EI -9 min, 10 s; EI -9 min; and EI) while the initial covariance was only available at EI -9 min, 10 s. Thus, all of these values had to be brought to a standard starting epoch.
In order to find the initial conditions for all states and covariances at the entry interface, the statistical methodology was preceded by a deterministic reconstruction. The deterministic reconstruction used the IMU data to propagate the vehicle position, velocity, and attitude from EI -9 min to touchdown. This process is similar to what was done for several past Mars EDL reconstructions.
29-31 This deterministic reconstruction was also the source of an initial estimate of freestream density and pressure. The initial freestream density prediction was found using the IMU data, assuming the perfect knowledge of aerodynamic parameters, while the initial freestream pressure was determined by integrating the hydrostatic equation with a surface pressure of 695 Pa (measured by MSL shortly after it reached the Martian surface).
14 Although this procedure confounded aerodynamic and atmospheric uncertainties, one should note that the results from these deterministic reconstructions are only used to establish the initial conditions for freestream density and pressure at EI; afterward, a statistical estimation method is used for reconstruction based on both IMU and FADS data for atmosphere reconstruction, eliminating the need for perfect knowledge of the aerodynamic parameters.
The initial conditions for MSL's state vector are summarized in Tables 1 and 2 . The initial covariance at EI was found using Monte Carlo simulation with an initial state and covariance known at EI -9 min, 10 s. 10ρ ∞,0 * Found with Monte Carlo simulation with known covariance at EI -9 min † Determined using a deterministic reconstruction 
B. Trajectory Reconstruction
The reconstructed trajectory for MSL is shown in Fig. 6 and the estimated uncertainties for the altitude and planet-relative velocity are shown in Fig. 7 . Some major EDL events can be identified on the reconstructed profile and these have been labeled in the zoomed inset of the terminal descent phase (Fig. 6(b) ). Parachute deployment occurs around 260 s after EI, resulting in an inflection point in the trajectory plot, while the heatshield jettisons approximately 20 s after the parachute deployment. The next set of major events happen quickly starting with the backshell separation at 375 s, then powered approach at 378 s, and lastly Sky Crane starting at 413 s. Finally, touchdown is sensed around 430 s (7 min, 10 s) after EI. There is very little difference between the reconstructed altitude and velocity profiles of the three statistical estimators and the flight software. The flight software reconstruction is largely only a function of IMU data and is conducted deterministically. The fact that the FSW reconstruction matches so closely with the statistical estimations that also used other data types is a testament to the good quality of the IMU data, which greatly improved the performance of the trajectory reconstruction. Other independent MSL data reconstructions have also noted the good quality of the IMU reconstruction.
10, 14, 32
The altitude and velocity uncertainty reconstructions (Fig. 7) show that in general EKF had larger estimated uncertainties than its other statistical estimation counterparts. The EKF altitude uncertainty shows the growth in uncertainty during the hypersonic flight regime through peak deceleration around 100 s, decrease in uncertainty in the region of bank angle reversals and hypersonic guidance, a slight growth in uncertainty during parachute deployment, and finally a steady decrease in altitude uncertainty after radar altimeter data are acquired. The UKF and Adaptive filter's estimated altitude uncertainties are not as dynamic as the EKF estimate. The differences in the behavior can be directly attributed to the handling of process noise. The EKF process noise is tuned using strategies described in Ref. 3 to account for the non-linearity in the dynamics that the first-order EKF equations cannot model well. The larger process noise also leads to larger estimated state uncertainties, as was shown in the simulated data results in Ref 3. On the other hand, the UKF and Adaptive filter have higher order methods for modeling the non-linearity and process noise in the dynamics which keeps the estimate steady. The velocity uncertainties are very small, when compared to past Mars missions. This is attributed to the excellent initial velocity estimate provided by the interplanetary navigation team (as was shown in Table 1 ). 33 The EKF velocity uncertainty estimate does not decrease significantly from the initial estimate, but both the UKF and Adaptive estimates steadily decrease after the peak deceleration (around 100 s) and even further after radar altimeter data are acquired (near 300 s). Once again, the difference is due to the calculation of process noise. EKF has a slightly larger process noise that leads to slightly larger state uncertainty estimates. The UKF estimates smaller velocity uncertainties than the Adaptive filter in this case, but due to a lack of knowledge in the true state, it would be conjecture to attribute a physical rationale for this. Testing with simulated Mars EDL data in the past has shown that the Adaptive filter actually had smaller uncertainties than the UKF.
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The planet-relative flight path angle and azimuth angle histories are shown in Fig. 8 . The time histories of these quantities are steady throughout the hypersonic and supersonic stages of flight, and show oscillations near the terminal descent portion when the Sky Crane was maneuvering. There is strong agreement between the reconstruction done by the three statistical estimators and the flight software estimate. The time histories of the Euler angles -roll, pitch, and yaw -are shown in Fig. 9 . Some crucial EDL events, such as bank reversals and heading alignment can be seen in these figures. The bank reversals are important since MSL was the first Mars EDL vehicle that used hypersonic guidance via bank angle modulation.
1 These modulations are visible on the roll and yaw angle history. Heading alignment prior to parachute deployment is also observed in the figures. The Euler angle plots have been restricted to shortly before parachute deployment, since these angles have little physical meaning after that point. Similar to the case for flight path and azimuth angles, there is strong agreement between the statistically-estimated quantities and the time history reconstructed by the flight software. Angle of attack and sideslip angle histories are shown in Fig. 10 . The time axes are restricted from entry interface to the point where MEADS data were no longer processed by the estimator for Figs. 10(a) and 10(b) to showcase the region where the orientation angle estimates were influenced by both IMU and FADS data. This region is also the only place in the reconstruction where aerodynamic and atmospheric uncertainties are not confounded since two independent measurements were used to estimate the angles.
Unlike the Euler angles, there are visible differences between the estimates derived by the three statistical estimators and the flight software. The angle of attack estimates for the Adaptive filter and UKF diverge slightly from the other estimates around 100 s and then there is a step increase seen around 135 s. Similar observations were made by other independent MSL reconstructions. 32, 35 The sideslip angle estimate has a difference that is more visible, since after 100 s the flight software and EKF estimates display a positive bias from zero, while the UKF and Adaptive filter estimates stay closer to zero but still display large oscillations. It is possible that the vehicle did indeed experience a non-zero sideslip angle, but a more likely explanation is a relatively significant cross wind component during this phase of flight that biases the IMU data.
10, 35
Since the methodology in this paper does not estimate winds and uses the planet-relative velocity instead of the wind-relative velocity for the angle calculations, a relatively strong wind may affect the accuracy of the angular estimates. The UKF and Adaptive filter are able to bias their result more towards FADS data that are theoretically not affected by the wind rather than the IMU data which are affected by the wind and thus the filters' estimate sideslip angle closer to zero.
The angle of attack and sideslip angle uncertainties are shown in Fig. 11 . One can see that the introduction of MEADS data to the estimators around 50 s drastically improves the uncertainty estimates in Figs. 10(a) and 10(b). The EKF seems to have a longer lag-time before the uncertainties of the two orientation angles settle to the level of the uncertainty estimates from the UKF and Adaptive filter. In general, one sees that the 1σ uncertainties for the angle of attack are of the order 0.2 deg. and the uncertainties for the sideslip angle are close to 0.1 deg. The final landing location of MSL was available from post-flight communications between the rover and orbiting spacecraft. 32 This location and the reconstructed location using the estimation methodology are compared in Table 3 . The 3σ uncertainty bounds of the reconstructed positions for all three estimates encompass the independently estimated location. The UKF and Adaptive filter have tighter bounds than the EKF, corroborating the expected outcomes when simulated data were analyzed by these estimators. 32 † Assuming a normal distribution for the parameters.
3, 34
C. Atmosphere Estimation
One of the unique features of the estimation methodology is that atmospheric parameters are already included in the estimation state vector. Thus, there is no need to use the force coefficient equations or the hydrostatic equation to calculate atmospheric parameters. Figure 12 shows the estimated atmospheric density history as well as the estimated uncertainty for the region where both IMU and FADS data were available. The value of the uncertainty generally increases with time as density increase. There is good agreement between the estimated states by the three statistical estimators, with the EKF having a slightly higher estimated uncertainty. The higher uncertainty for the EKF can be explained by the modeling of high process noise needed to avoid filter divergence. The density and uncertainties are very smooth and do not display any large oscillations. This underscores the good quality of the IMU and FADS data as well as the near-nominal atmospheric profile encountered by MSL. One does not observe any large density variations akin to the potholes-in-the-sky that were studied during the design of MSL. Freestream pressure, which is also an element of the state vector, is shown in Fig. 13 along with the estimated 1σ uncertainty. The values are once again shown for the time period where both IMU and FADS data were available. Similar to freestream density, all three estimates show good agreement in the estimated states, while the EKF uncertainty estimate is slightly off the uncertainties estimated by UKF and Adaptive filter. The agreement between the three estimators and the smoothness of the estimates once again is a result of the good quality of the data and the near-nominal environment.
The freestream temperature, which was calculated using the reconstructed density and pressure, is shown in Fig. 14 along with the estimated uncertainty. The isothermal assumption for the hydrostatic equation and the perfect gas law were used to construct dynamical equations for freestream pressure and density. The perfect gas law was also used here to reconstruct temperature from pressure and density. However, at the top of the atmosphere before FADS data are introduced, density is estimated using accelerometer data only and since there are not enough independent measurements of density and pressure, the estimated temperature remains constant (isothermal). Hence, the temperature profile in Fig. 14 is limited to the points where FADS data were available. The reconstructed uncertainties for temperature show similar trends as the uncertainties for other estimated atmospheric parameters. The EKF uncertainties are slightly larger and more oscillatory than the uncertainties estimated by the UKF and Adaptive filter. The reconstructed dynamic pressure, Mach number, and their associated uncertainties are shown in Figs. 15 and 16 . Dynamic pressure is calculated using the freestream pressure and planet-relative velocity, both quantities that are estimated by the methodology. Wind-relative velocity could be substituted for the planet-relative velocity for more accuracy, but the structure of this estimation methodology does not have means of estimating winds. Nevertheless, the reconstructed dynamic pressure and uncertainty agree well between the three estimators. Independent MSL reconstructions conducted by NASA also agree with these estimates.
14 Mach number was calculated using the planet-relative velocity and speed of sound calculated from freestream density and pressure. However, the uncertainties in freestream pressure and density before FADS data are introduced are also present in the speed of sound calculation, making Mach number estimates in this region highly uncertain as seen in Fig. 16(b) . It is interesting to note that although the estimates of Mach number from all three estimators agree very well with each other, the uncertainty estimated by the Adaptive filter decreases rapidly after FADS data are introduced around 50 s, but there is a lag before UKF and EKF estimates reach a lower level of uncertainty. This is a sign that the Adaptive filter, which calculates the process noise on-line, is more responsive to the lower level of uncertainty in atmospheric quantities once FADS data are introduced. 
D. Aerodynamics Reconstruction
No aerodynamic parameters were directly estimated by the three filters. Nevertheless, one can use the estimated velocity and freestream density to derive the aerodynamic quantities. Figure. 17 shows the reconstructed axial force coefficient and its 1σ uncertainty, while Fig. 18 shows the estimates for the normal force coefficient. The figures have been restricted to the region where both IMU and FADS data were available.
The unfiltered form of the accelerometer data were used in the aerodynamic coefficient estimation, hence the reconstructed force coefficients are noisy. One could have used a filtered form of the IMU data, but since the unfiltered data were used by the estimators that same data were also used for the aerodynamic reconstruction. Additionally, both axial and normal force coefficients have an increase in noise after 130 s, which is a direct result of a step increase in noise in the actual sensed axial and normal force that is visible in Fig. 19 . This time does not correlate to any specific EDL event, but happens shortly before heading alignment. Of course, this is also the time where the angle of attack and sideslip angles have off-nominal behaviors (see Fig. 10 ), so the increase in noise is probably directly related to the effect of the winds discussed 
earlier.
Overall, there is good agreement between the reconstructed force coefficients found by the three filters. The UKF estimate of the axial force coefficient is slightly more oscillatory than the EKF and Adaptive estimates between 100 and 130 s, but other than that all three estimates seem to overlap. The normal force coefficient estimate is extremely noisy for all three estimates, but the reconstructed values all show a negative mean bias around -0.05. Similar observations were noted in other independent MSL reconstructions 32, 35 as well, albeit with less noise since filtered-form of the IMU data were used in those cases. The axial force coefficient uncertainties show the familiar shape expected from simulated data reconstruction. The uncertainties are low when the FADS data are first introduced around 50 s, but slowly increase with time. The uncertainties also show the sign of the step increase in noise in the sensed force, since uncertainty estimates become more noisy after 130 s. There is no tell-tale shape in the normal force coefficient uncertainties, but all of the estimators have similar performance. 
V. Conclusions
The Mars Science Laboratory mission demonstrated the first use of hypersonic guidance for Mars entry vehicles, and the aeroshell and supersonic parachute used by the spacecraft were the largest ever flown for Martian missions. Despite the challenges, the spacecraft safely landed on Aug. 5, 2012 in Gale Crater and relayed back inertial measurement unit data, radar altimeter measurements, and flush atmospheric data system pressure measurements that provide one of the most comprehensive data set for Mars entry vehicles.
The diversity of data from the mission makes MSL a very good test case for the statistical estimation methodology shown in this paper and developed in Ref.
3 Although parts of the process equations had to be modified to make it applicable to this case, MSL flight data were reconstructed by three different statistical estimators with great success. Overall, there was great agreement between the estimated trajectory, atmosphere, and aerodynamics found by the three estimators and the estimates compared favorably when independent reconstruction results were available. The precise initial state conditions, great quality of the flight data, and the near-nominal trajectory of MSL led to very well-behaved reconstruction results. There was generally good agreement in the estimated uncertainties found by UKF and Adaptive filter, while the EKF uncertainties were generally higher than the ones found by the other filters. Since the process noise for the EKF is not tuned on-line, the noise is usually large to keep the filter from diverging which leads to relatively larger estimates of uncertainty. The UKF and Adaptive filter are able to better accommodate the non-linearity in the dynamics and are less affected by the process noise, leading to smaller uncertainties and tighter confidence bounds.
MSL had a near-nominal trajectory, but the one unexpected behavior was the larger-than-expected winds that led to larger than nominal angle of attack oscillations and non-zero sideslip angle in the supersonic regime. The reconstruction of angle of attack and sideslip angle clearly captured this phenomenon. The FADS data were supposed to be non-susceptible to winds, while IMU data that measures sensed deceleration was susceptible to winds. The IMU-based flight software reconstruction both showed non-zero sideslip angles, while the UKF and Adaptive filter reconstructions showed sideslip angles with a mean of zero throughout the FADS data region. While the non-zero sideslip angle of the IMU-only flight software reconstruction is not unexpected, the EKF's non-zero sideslip angle is probably due to the filter's first-order state propagation equations and the way it handles process noise. While the UKF and Adaptive filter biased their estimates towards FADS data rather than IMU data in this regime and thus had near-zero sideslip angles, the EKF's process noise handling allowed the filter to be biased towards the high-rate, but wind-influenced IMU data, making the mean of the sideslip angle non-zero. This underscores the improvement in estimation capability possible as one moves from the more traditional EKF used in EDL reconstruction to higher-order filters like the UKF and Adaptive filter.
